Classification is an important part of chemometrics and mostly based on optimization by vector rotations. The present study is a continuation of the classification of medieval 
Introduction

Historical framework
The reign of the Árpád Dynasty coincides with the medieval warm climatic period and ended before the great plague in the 1340ies. In the early Árpád Dynasty period Hungary became a major state with a modernized sociopolitical system divided into three levels, the royal family, the major landowners accredited to nobility by the king, and the farmers living on the remaining land owned by the king.
The mild climate led to expansion of farmland, increased agricultural production and population growth. The need for payment valuables became evident, and the medieval mining industry was ready to deliver substantial amounts of silver.
The present study is a continuation of the classification of medieval Hungarian silver coins including the 16 kings of the Hungarian Árpád Dynasty (997 AD -1301 AD) [1] . Three historical periods of the Árpád Dynasty have been defined earlier.
Energy dispersive X-ray fluorescence spectroscopy
The heterogeneity of the silver coin alloys in the period of the Árpád Dynasty makes it difficult to establish a reliable method for assigning coins to each single king based on simple statistics of the chemical composition. The energy dispersive X-ray fluorescence spectroscopy (XRF) [2, 3] is a non-destructive, fast and reliable analysis of the samples commonly used for studies of the composition of archeological coins.
Earlier studies
Linke et al. examined two types of medieval coins with XRF, proton-induced X-ray emission analysis (PIXE) and scanning electron microscopy (SEM/EDX) [4] . The two types of coins were grouped successfully by principal component analysis (PCA), and they also recognized the unknown coins. Pitarch et al. made similar studies of silver coins from the eras of the Spanish War of Independence and of Ancient Greece. [5, 6] . Kallithrakas-Kontos et al. and
Bugoi et al. classified ancient coins from the fourth to the first century B.C. by their places of origin and recovery also used PCA [7, 8] . Minemasa et al. used XRF spectroscopy, PCA and cluster analysis for detection of counterfeit 500¥ coins [9] . The discrimination of valid and counterfeit coins was successful, and they recognized two separate counterfeit groups. Hida et al. made a similar study [10] . Rodrigues et al. examined 416 silver-copper coins from the Ottoman Empire using several techniques including XRF spectroscopy. They classified the coins by their provenance of origin and observed connection between minor and trace elements and the mints. Again, PCA was used for the evaluation of the data [11] . Reale et al. used XRF spectroscopy for studying the correlation between soil characteristics and corrosion products of ancient Italian coins [12] .
Methodology
The elemental composition data determined applying X-ray fluorescence spectroscopy were used to analyze silver coins from the Hungarian Árpád Dynasty (997AD -1301AD) including 16 kings [1] . The coins were classified according to their historical periods. Correct classifications of 76-78% were obtained by PCA, partial least squares discriminant analysis and other statistical analyses of the XRF data.
The first aim of the present study is to select one representative object for the three sections of the Árpád Dynasty (ARP1-ARP3). These objects are called Ambassadors. They were appointed by aid of individual object target rotation to each coin. First, every coin was iteratively subject to target rotation that forms its specific target vector in the variable space.
Score values of all other coins in the class are obtained by projection down to that target vector. This means that there will be one set of object score values for each coin specific target vector. The second aim is to establish the Ambassador's niche in terms of span of score values of the other coins to be accepted as class members.
Marker object projection is a relatively rarely used method for classification, but as a non-parametric technique it is useful for verifying and refining results obtained by other methods [13] [14] [15] [16] [17] [18] [19] . The basic idea is illustrated in Figure 1 that refers to a data set with an unspecified number of objects and two variables, y1 and y2. This diagram displays two objects x k1 and x k2 , is similar to Figure 1 in Kvalheim [13] . It shows how the projection leads to a score value t k that indicates the degree of similarity to the marker-object w a .
Figure 1
The Ambassador for each of the three Árpád periods was selected stepwise.
1. Make a separate set of standardized raw data for each of the three Árpád periods.
For the data set of each period:
2. Select a coin in the period as a marker-object (a) and make a marker-object projection of each of the other coins in the period to find the projection score value t 1 . Repeat until all the coins of the period have been selected marker-object:
3. Calculate the average and the standard deviation for each of the marker-object projection score sets separately and select the marker-object with the lowest standard deviation as the Ambassador marker-object.
The complete set of the three Árpád period coins were projected on to the Ambassador vector of each Árpád period to characterize their similarity to the actual period. We set a strict condition for acceptance of affiliation to the given Árpád period and stated Ambassador coin score value plus/minus 1.2 times the standard deviation as the upper and lower bond for admission. (The outcome of this classification can be seen later in Table 4 .)
Results and discussion
The Árpád Dynasty collection comprises 192 coins. Several of the variables (Ni, Sb, Sn, Ti, and Zn) are absent in more than 60 per cent of the coins and therefore, they were excluded from the present data analysis. The raw data were pre-processed by standardization (mean centered and divided by standard deviation).
The first principal component score values indicate three different periods during the Árpád Dynasty [1] ( Figure 2 and Table 1 ). They correspond to the periods of the I_T system except for minor shifts in the start and finish of the periods. Table 1 shows the earlier published three historical sections in the I_T notation and the sections in ARP notation. The classification systems are almost identical. Table 1 The ARP notation is based on the score values of the first principal component (Figure 2, 3a and 3b) that can be taken as a monitor of historical periods of the Árpád Dynasty. Table 2 shows that the span of concentrations is very different among the variables, and that the frequency distributions are considerably skewed. This makes the data unfit for standard parametric statistical methods -at least in theory. Table 2 To make the distributions comparable, the concentration of the coins were sorted among ten concentration compartments for each of the five constituents (Table 3 and Figure 4 ). Table 3 Figure 4 Under condition that each mintage was done from a homogeneous alloy there are compositional differences between each monetary issue of each king in the Árpád Dynasty.
The technology at that time may explain this. Galena (Bleiglanz, PbS) was the major source and may contain substantial amounts of silver metal that was separated from lead in the cupellation process, which oxidizes the lead being deposited at oven walls and thus leaving a melt of pure silver. By late medieval standards the metallurgy in the earliest part of the Árpád Dynasty was primitive and the smelters lacked the skills to produce high-purity silver. In preparation of the minting alloy a small amount of lead was added to improve the hardness of the coins, and various amounts of copper were added for the same reasons or for debasement of the coinage. Occasional amounts of tin, zinc and bismuth may be the outcome either of poor technology or of earlier impure coins added to the melt. Figure 5 illustrates the extension of debasement in the three periods of the Árpád Dynasty: the vast majority of coins in the ARP1 and ARP3 period hold at least eighty per cent silver. This is in contrast with the coins of the ARP2 period. Figure 5 As a first step of the object target rotation, the Ambassadors were selected with the least sum of variance criterion in each period. Figure 6 shows the selection in the first period. Figure 6 The bar length indicates the variance of all the class members to the target object. The small bar of the coin A12d indicates that it is the most central object in the ARP1 class, and consequently being the ARP1 Ambassador. The outcome of the classification based on the ARP1, ARP2, and ARP3 Ambassadors, respectively, are given in Table 4 Table 4 There is only one coin from the István III period (marked by an asterix). Table 4 . The classification by non-iterative object target rotation is an inspection of the multidimensional variable space as seen from the center of one object vector and the perspective depends on the location of this center. Therefore, depending on the viewpoint, different class interrelations can be seen.
The ARP 1 niche includes none of the ARP 2 coins and some of the ARP 3 ones (Fig.   7a ). The ARP 2 niche includes none of the ARP 1 coins and a majority of the ARP 3 coins (Fig. 7b) , and the ARP 3 niche includes all but one of the ARP 1 coins and some of the ARP 2 coins (Fig. 7c) .
Conclusion
The nonparametric marker object projection method can extract information, which is not accessible using classical chemometric tools; that is, it can be an alternative to unsupervised and supervised pattern recognition methods such as PCA and partial least squares discriminant analysis, respectively. The object target rotation is especially useful if the distributions are skewed and/or bimodal.
The triumph of the methodology is the efficiency of class assignment combined with the ability to resolve the class-inside-class situation. 3.00 10.00 7.00 22.00 3.00 C4 3.00 11.00 0.00 9.00 4.00 C5 4.00 6.00 1.00 1.00 0.00 C6 13.00 1.00 2.00 2.00 3.00 C7 7.00 3.00 0.00 0.00 1.00 C8 22.00 4.00 0.00 1.00 1.00 C9 35.00 4.00 0.00 1.00 1.00 C10 highest conc. 90.00 9.00 1.00 1.00 1.00
Caption to figures Figure 1 Projection of two objects, x k1 (left) and x k2 (right) on a marker-object vector, w a (further on Ambassador), to produce marker-object (a) projection score values, t k1a (left) and t k2a (right) illustrated in a diagram of two perpendicular axes, y 1 and y 2 , representing unit vectors, e 1 and e 2 , of two variables. The object x k1 to the left has a higher score than the object x k2 to the right, meaning that x k1 is more similar to the marker-object than is the x k2 object. Frequency distributions divided in ten compositional compartments based on data from Table   3 . 
